Abstract: Understanding and monitoring the dynamics of rangeland heterogeneity through time and across space is critical for the effective management and conservation of rangeland systems and the sustained supply of the ecosystem goods and services they provide. Conventional approaches (both field-based and remote sensing) to monitoring rangeland productivity fail to effectively capture important aspects of this heterogeneity. While field methods can effectively capture high levels of detail at fine spatial and temporal resolutions, they are limited in their applicability and scalability to larger spatial extents and longer time periods. Alternatively, remote sensing based approaches that scale broad spatiotemporal extents simplify important heterogeneity occurring at fine scales. We address these limitations to monitoring rangeland productivity by combining a continuous plant functional type (PFT) fractional cover dataset with a Landsat derived gross primary production (GPP) and net primary production (NPP) model. Integrating the annual PFT dataset with a 16-day Landsat normalized difference vegetation (NDVI) composite dataset enabled us to disaggregate the pixel level NDVI values to the sub-pixel PFTs. These values were incorporated into the productivity algorithm, enabling refined estimations of 16-day GPP and annual NPP for the PFTs that composed each pixel. We demonstrated the results of these methods on a set of representative rangeland sites across the western United States. Partitioning rangeland productivity to sub-pixel PFTs revealed new dynamics and insights to aid the sustainable management of rangelands.
Introduction
Rangelands-uncultivated land dominated by grasses, forbs, and shrubs-cover approximately 25% of the earth's land area [1] , provide crucial ecosystem goods and services to over two billion people [2] , and support over half of the global livestock populations [3] . In addition to direct economic and cultural values, rangelands support rich biodiversity [4] and are important carbon sinks, storing approximately 10-30% of the world's terrestrial carbon [5, 6] . Net primary production (NPP) is one of the supporting ecosystem services that are foundational to provisioning and regulating cultural services [7] . Net primary productivity quantifies the amount of carbon assimilated into plant biomass through photosynthesis over a given time [8] and represents the amount of energy available for 
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NDVI Disaggregation
The MOD17 model incorporates two remote sensing-based variables of plant canopy dynamics [15] : the fraction of photosynthetically active radiation (FPAR), and leaf area index (LAI). The Landsat derived 30 m GPP/NPP product [16] calculated both FPAR and LAI from the normalized difference vegetation index (NDVI) using established empirical relationships. While the NDVI has certain limitations (e.g., saturation in densely vegetated areas and variable responses to soil characteristics) it is the most widely utilized and validated remote sensing-based vegetation index. The NDVI values utilized were derived from a Landsat NDVI compositing methodology [20] , whereby spatially contiguous NDVI composites were produced every 16 days for each 30 m × 30 m pixel. These single pixel level values generalized the variability of the land surface occurring at sub-30 m scales. The NDVI constitutes both the relative area and the unique phenological characteristics of each representative PFT within a single pixel, which varies substantially among 
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NDVI Disaggregation
The MOD17 model incorporates two remote sensing-based variables of plant canopy dynamics [15] : the fraction of photosynthetically active radiation (FPAR), and leaf area index (LAI). The Landsat derived 30 m GPP/NPP product [16] calculated both FPAR and LAI from the normalized difference vegetation index (NDVI) using established empirical relationships. While the NDVI has certain limitations (e.g., saturation in densely vegetated areas and variable responses to soil characteristics) it is the most widely utilized and validated remote sensing-based vegetation index. The NDVI values utilized were derived from a Landsat NDVI compositing methodology [20] , whereby spatially contiguous NDVI composites were produced every 16 days for each 30 m × 30 m pixel. These single pixel level values generalized the variability of the land surface occurring at sub-30 m scales. The NDVI constitutes both the relative area and the unique phenological characteristics of each representative PFT within a single pixel, which varies substantially among PFTs and through time (Figure 2 ). In order to disaggregate pixel NDVI to sub-pixel components, we used linear mixing theory, where the NDVI of a mixed pixel was calculated as the mean NDVI of the individual PFTs within the pixel weighted by their fractional cover [21] . This is expressed for each pixel (i) by (Equation (1)):
where NDVI(i, t) is the pixel NDVI at time t, fc(i, c) is the fractional cover of each PFT c, k is the number of PFTs in the pixel, NDVI i (c,t) is the mean NDVI of PFT c at time t, and ε is the error. While this approach is predominantly used with actual reflectance values, the assumptions hold using NDVI [21, 22] .
PFTs and through time ( Figure 2 ). In order to disaggregate pixel NDVI to sub-pixel components, we used linear mixing theory, where the NDVI of a mixed pixel was calculated as the mean NDVI of the individual PFTs within the pixel weighted by their fractional cover [21] . This is expressed for each pixel (i) by (Equation (1)):
where NDVI(i, t) is the pixel NDVI at time t, fc(i, c) is the fractional cover of each PFT c, k is the number of PFTs in the pixel, NDVIi(c,t) is the mean NDVI of PFT c at time t, and ε is the error. While this approach is predominantly used with actual reflectance values, the assumptions hold using NDVI [21, 22] . Using the ordinary least squares technique, it was possible to estimate the mean NDVI for each PFT through space [23] [24] [25] . By knowing the fractional cover of each PFT within a pixel, along with the NDVI value, a set of overdetermined linear equations was developed (Equation (2)):
Solving this system of equations resulted in a single estimate of mean NDVI for each PFT across the spatial extent of sampled pixels. Estimating the NDVI value of each PFT within a specific pixel, however, was problematic given the spatial heterogeneity of rangelands. To address these issues, techniques have been developed to iteratively solve these equations for each pixel while weighting the input pixels by distance and spectral similarity [21, 26, 27] .
Here we build on these methods, integrating the rangeland PFT dataset [19] and the 16-day Landsat NDVI composites to disaggregate pixel level NDVI to key PFTs across western rangelands of the conterminous United States. Due to the spatial and temporal scale of analysis, we Using the ordinary least squares technique, it was possible to estimate the mean NDVI for each PFT through space [23] [24] [25] . By knowing the fractional cover of each PFT within a pixel, along with the NDVI value, a set of overdetermined linear equations was developed (Equation (2)):
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Here we build on these methods, integrating the rangeland PFT dataset [19] and the 16-day Landsat NDVI composites to disaggregate pixel level NDVI to key PFTs across western rangelands of the conterminous United States. Due to the spatial and temporal scale of analysis, we implemented these methods in Google Earth Engine [28] and developed a refined sampling scheme of pixels to account for the variability of NDVI within PFTs. We used the EPA Level IV ecoregions to define relatively homogenous areas based on ecological and climatic characteristics [29] in which the phenological characteristics within each PFT were assumed to be similar. Within each ecoregion the pixel level NDVI, percent cover of each PFT, and pixel coordinates were extracted for 600 points, selected through a stratified random sample. Each ecoregion was stratified by areas of high relative PFT fractional cover, defined as pixels with a fractional cover greater than the 90th percentile of fractional cover for the respective PFT across the ecoregion. For each PFT 100 random points were sampled within the areas containing the purest available pixels, enabling a more robust estimation of the mean phenology of each PFT. Then, for every pixel within the ecoregion, the distance to each sample point was calculated allowing us to weight the sample points by distance. As valid NDVI values can only range between −1 and 1 we used ridge regression [30] to solve the equations while effectively constraining the coefficients within reasonable ranges. Ridge regression adds a parameter imposing a penalty on the size of the coefficients. The resulting coefficients are estimates of the mean NDVI for each PFT across the sampled region for each pixel. While weighting by distance accounts for some phenological variability across an ecoregion, finer scale heterogeneity is still missed. Slight shifts in elevation, aspect, or soil hydrology can result in departures from the mean phenology. For example, the mean NDVI of a PFT across a dryland ecoregion does not represent specific dynamics of that PFT occurring in small mesic patches within the ecoregion. To account for this variation within PFTs, we adjusted the estimated NDVI of each PFT for each pixel so that the estimated pixel NDVI matched the actual pixel NDVI. To do so, we assumed the NDVI contribution of each PFT to the estimated NDVI was proportional to the contribution to the adjustment (the difference between the pixel NDVI and estimated NDVI).
GPP/NPP Partitioning
The disaggregated NDVI values by PFT were incorporated into the MOD17 model adapted for Landsat as per the methods in [16] . For each pixel in every 16-day composite, however, rather than a single NDVI value, the disaggregated NDVI values for each PFT represented within the pixel were used. GPP and NPP were then calculated individually for each PFT using the set of biome specific parameters for the given PFT. This results are given in rate of GPP (g C m-2 16-day-1) for each 16-day period and NPP (g C m-2 year-1) annually, for each PFT of each pixel. To calculate actual production per PFT per pixel, the rates of GPP and NPP were combined with the fractional cover estimates (Figure 3) . implemented these methods in Google Earth Engine [28] and developed a refined sampling scheme of pixels to account for the variability of NDVI within PFTs. We used the EPA Level IV ecoregions to define relatively homogenous areas based on ecological and climatic characteristics [29] in which the phenological characteristics within each PFT were assumed to be similar. Within each ecoregion the pixel level NDVI, percent cover of each PFT, and pixel coordinates were extracted for 600 points, selected through a stratified random sample. Each ecoregion was stratified by areas of high relative PFT fractional cover, defined as pixels with a fractional cover greater than the 90th percentile of fractional cover for the respective PFT across the ecoregion. For each PFT 100 random points were sampled within the areas containing the purest available pixels, enabling a more robust estimation of the mean phenology of each PFT. Then, for every pixel within the ecoregion, the distance to each sample point was calculated allowing us to weight the sample points by distance. As valid NDVI values can only range between −1 and 1 we used ridge regression [30] to solve the equations while effectively constraining the coefficients within reasonable ranges. Ridge regression adds a parameter imposing a penalty on the size of the coefficients. The resulting coefficients are estimates of the mean NDVI for each PFT across the sampled region for each pixel. While weighting by distance accounts for some phenological variability across an ecoregion, finer scale heterogeneity is still missed. Slight shifts in elevation, aspect, or soil hydrology can result in departures from the mean phenology. For example, the mean NDVI of a PFT across a dryland ecoregion does not represent specific dynamics of that PFT occurring in small mesic patches within the ecoregion. To account for this variation within PFTs, we adjusted the estimated NDVI of each PFT for each pixel so that the estimated pixel NDVI matched the actual pixel NDVI. To do so, we assumed the NDVI contribution of each PFT to the estimated NDVI was proportional to the contribution to the adjustment (the difference between the pixel NDVI and estimated NDVI).
The disaggregated NDVI values by PFT were incorporated into the MOD17 model adapted for Landsat as per the methods in [16] . For each pixel in every 16-day composite, however, rather than a single NDVI value, the disaggregated NDVI values for each PFT represented within the pixel were used. GPP and NPP were then calculated individually for each PFT using the set of biome specific parameters for the given PFT. This results are given in rate of GPP (g C m-2 16-day-1) for each 16-day period and NPP (g C m-2 year-1) annually, for each PFT of each pixel. To calculate actual production per PFT per pixel, the rates of GPP and NPP were combined with the fractional cover estimates (Figure 3) . Flow chart of the methodological steps to calculate partitioned gross primary production (GPP) and net primary production (NPP) by integrating the Landsat NDVI composite product and the annual plant functional type (PFT) percent cover dataset for perennial forbs and grasses (PFG), annual forbs and grasses (AFG) and shrubs.
Results and Discussion
Integrating the annual PFT dataset with the 16-day annual NDVI composites enabled us to disaggregate pixel level NDVI values to the sub-pixel PFTs that compose the pixel. The process capitalized on established methodologies, whereby disaggregated NDVI values were estimated through weighted ridge regression [30] . By knowing the variation of fractional cover estimates along with pixel NDVI values, an overdetermined set of linear equations was built to solve for the NDVI Figure 3 . Flow chart of the methodological steps to calculate partitioned gross primary production (GPP) and net primary production (NPP) by integrating the Landsat NDVI composite product and the annual plant functional type (PFT) percent cover dataset for perennial forbs and grasses (PFG), annual forbs and grasses (AFG) and shrubs.
Integrating the annual PFT dataset with the 16-day annual NDVI composites enabled us to disaggregate pixel level NDVI values to the sub-pixel PFTs that compose the pixel. The process capitalized on established methodologies, whereby disaggregated NDVI values were estimated through weighted ridge regression [30] . By knowing the variation of fractional cover estimates along with pixel NDVI values, an overdetermined set of linear equations was built to solve for the NDVI value for each PFT across ecologically homogenous regions. The resulting NDVI values for every PFT within each pixel represented an estimation of the pure pixel NDVI for the given PFT. These values captured the unique phenological characteristics of each PFT within a given pixel through time and enabled refined estimations of GPP and NPP for the PFTs that composed each pixel.
We evaluated this large-scale approach by examining four randomly selected points across the western United States representing unique phenological dynamics. We compared the partitioned results to the original 30 m Landsat GPP/NPP estimates. The productivity of the example sites was driven by a variety of climatic conditions found across western US rangelands. In central Montana (Figure 4a ), a site characteristic of northern semi-arid prairies, rangeland productivity was largely driven by winter and spring precipitation. The National Land Cover Dataset (NLCD) classifies this site as grassland, and the subsequent pixel NDVI through time (Figure 4a1 ) reflects the expected phenological characteristics of a grassland site for this region. Although dominated by grasses, the site is composed of a mix of AFG (23%), PFG (61%), SHR (2%), and BG/LTR (14%) according to the annual PFT dataset. Disaggregating the NDVI for each of these components (Figure 4a1 ) revealed the individual and unique phenological profiles. AFG NDVI both increased and decreased rapidly early in the growing season, while PFG NDVI increased rapidly during the growing season but decreased more slowly as the growing season progressed. Similar dynamics were seen in a second grassland dominated site in western Nebraska (Figure 4b) , characteristic of the central Great Plains where rangeland productivity is more constant through the spring and summer. While classified as a grassland by the NLCD, this site is also a mix of AFG (8%), PFG (60%), SHR (5%), and BG/LTR (17%), each contributing uniquely to the overall NDVI through time (Figure 4b1) . The contribution to the overall productivity of both sites (Figure 4a2,a3,b2,b3 ) from the AFG and SHR components, however, was minimal due to the combination of low fractional covers, short growing period for AFGs and the low NDVI of the shrub components. As these sites are heavily dominated by grasslands, the cumulative values of GPP and NPP for the PFTs did not depart substantially from the original 30 m Landsat GPP/NPP product (Figure 4a3,b3) .
Two example sites in arid regions, classified as shrublands by the NLCD, clearly demonstrate the added value of the partitioning methods for estimating GPP and NPP. A site from Oregon (Figure 4c) is characteristic of the Great Basin where productivity is driven by winter and spring precipitation. This site, while classified as a shrubland dominated system by the NLCD, is a relatively even mix of SHR (17%), PFG (15%), and AFG (13%), and dominated by more than 50% BG/LTR. The disaggregated NDVI (Figure 4c1 ) again revealed unique phenological characteristics of each PFT. Additionally, GPP and NPP are shown to be driven by the productivity of PFGs and AFGs rather than SHRs (Figure 4c1,c2) . Similar dynamics were demonstrated for a site in southern Arizona (Figure 4d ), where productivity is largely driven by precipitation in the late summer. Although classified as a shrubland by the NLCD, this area is largely dominated by BG/LTR (>50%), with relatively even SHR (12%), PFG (9%), and AFG (7%) components, with the PFG and AFG components contributing disproportionately to the overall GPP and NPP estimates (Figure 4d2,d3) . In both of these examples, GPP and NPP were underestimated as important temporal contributions of forbs and grasses went unaccounted for in the overall productivity of the system. Two example sites in arid regions, classified as shrublands by the NLCD, clearly demonstrate the added value of the partitioning methods for estimating GPP and NPP. A site from Oregon (Figure 4c) is characteristic of the Great Basin where productivity is driven by winter and spring precipitation. This site, while classified as a shrubland dominated system by the NLCD, is a relatively even mix of SHR (17%), PFG (15%), and AFG (13%), and dominated by more than 50% BG/LTR. The disaggregated NDVI (Figure 4c1 ) again revealed unique phenological characteristics of each PFT. Additionally, GPP and NPP are shown to be driven by the productivity of PFGs and AFGs rather than SHRs (Figure 4c1,c2) . Similar dynamics were demonstrated for a site in southern Arizona (Figure 4d ), where productivity is largely driven by precipitation in the late summer. Although classified as a shrubland by the NLCD, this area is largely dominated by BG/LTR (>50%), with relatively even SHR (12%), PFG (9%), and AFG (7%) components, with the PFG and AFG components contributing disproportionately to the overall GPP and NPP estimates (Figure 4d2,d3) . In both of these examples, GPP and NPP were underestimated as important temporal contributions of forbs and grasses went unaccounted for in the overall productivity of the system. 
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Conclusions
Remote sensing provides a means of monitoring rangeland ecosystems continuously across broad spatiotemporal scales, efficient targeting and resource allocation for management and conservation decisions, as well as the ability to monitor outcomes. Due to the fundamental challenge of mixed pixels, whereby at any spatial resolution pixel level estimates are aggregations of the sub-pixel dynamics occurring on the ground [17] , available datasets and products are often too coarse to effectively account for rangeland heterogeneity. Understanding this heterogeneity across space and through time is critical for rangeland conservation and management actions, for example creating grazing plans and strategies, understanding results of herbicide treatments for invasive annuals, or predicting fuel conditions for an upcoming fire year. The methods presented in this paper provide a means of understanding the finer scale phenological and productivity dynamics of rangelands that are missed when using single, pixel level estimates. Key areas of future research are to translate these partitioned values of NDVI, GPP and NPP into metrics (e.g., above ground biomass, pounds of forage, animal unit months, and fuel load) that are more practical and meaningful for rangeland managers. Such dynamics can provide critical insight into the sustainable management and conservation of rangelands. 
